Abstract We develop a spatial filtering method to remove random noise and extract the spatially correlated transients (i.e., common-mode component (CMC)) that deviate from zero mean over the span of detrended position time series of a continuous Global Positioning System (CGPS) network. The technique utilizes a weighting scheme that incorporates two factors-distances between neighboring sites and their correlations of long-term residual position time series. We use a grid search algorithm to find the optimal thresholds for deriving the CMC that minimizes the root-mean-square (RMS) of the filtered residual position time series. Comparing to the principal component analysis technique, our method achieves better (>13% on average) reduction of residual position scatters for the CGPS stations in western North America, eliminating regional transients of all spatial scales. It also has advantages in data manipulation: less intervention and applicable to a dense network of any spatial extent. Our method can also be used to detect CMC irrespective of its origins (i.e., tectonic or nontectonic), if such signals are of particular interests for further study. By varying the filtering distance range, the long-range CMC related to atmospheric disturbance can be filtered out, uncovering CMC associated with transient tectonic deformation. A correlation-based clustering algorithm is adopted to identify stations cluster that share the common regional transient characteristics.
Introduction
The Global Positioning System (GPS) technique has been used for broad purposes on earthquake and tectonic studies, such as investigations of regional tectonic deformation [e.g., Mazzotti et al., 2003; Meade and Hager, 2005; Calais et al., 2006; Takayama and Yoshida, 2007; Shen et al., 2011] , coseismic displacements and earthquake rupture [e.g., Melbourne et al., 2002; Freed et al., 2006; Barbot et al., 2009; Savage and Langbein, 2008; Savage and Svarc, 2009] , slow slip events [e.g., Szeliga et al., 2004; Melbourne et al., 2005; Heki and Kataoka, 2008; Brooks et al., 2008; Wech et al., 2009; Holtkamp and Brudzinski, 2010; Fu and Freymueller, 2013; Schmalzle et al., 2014] , global plate motion [e.g., Kogan and Steblov, 2008] , and postglacial rebound [e.g., Sella et al., 2007; Khan et al., 2008] . It has been the focus in the past two decades to improve GPS positioning accuracy for detection of more subtle deformation signals [e.g., Wdowinski et al., 1997; Dong et al., 2006] . Some recent studies on the subject have been on filtering of the continuous GPS (CGPS) data and detecting transient deformation signals; the latter is profoundly important in understanding the tectonic processes of fault zone system and earthquake dynamics [e.g., Ji and Herring, 2011] .
CGPS positions derived under the International Terrestrial Reference Frame usually suffer from spatial-temporal correlated noises, making it challenging to discern subtle tectonic signals from data. In addition, GPS results usually include displacement signals from other geophysical processes and/or human activities. Efforts have been made to suppress the noise in the data and explore the tectonic deformation sources. It was found, for example, that a portion of position scatters and most of seasonal motions can be attributed to loading effects caused by Earth surface and subsurface mass redistributions [e.g., vanDam et al., 1994; Dong et al., 2002; Argus et al., 2005; Tregoning and van Dam, 2005; Amos et al., 2014; Borsa et al., 2014] . After removing a linear trend, annual and semiannual terms, jumps, and postseismic decays in CGPS position time series, the most prominent feature in position residuals is the common-mode error (CME) which results from unmodeled or mismodeled effects during data processing [e.g., Wdowinski et al., 1997; Nikolaidis, 2002; Dong et al., 2006] . Beside CME, other types of (tectonic or nontectonic) activities can also produce regional motion of CGPS stations, e.g., surface displacements caused by aseismic episodic tremor and slip (ETS) events on faults, volcanic inflation/deflation TIAN AND SHEN EXTRACT CMC FROM DENSE CGPS NETWORK 1 [e.g., Webb et al., 1995; Dragert et al., 2001; Larson et al., 2010] , or underground water recharging [e.g., King et al., 2007] . Because common-mode position shifts are usually estimated through statistical means and may consist not only errors but also signals (depending on the subjects of research), we use a slightly different term of common-mode component (CMC) for them. For tectonic studies, the large-scale CMC equals the traditional CME.
Two methods are often used to remove CME: spatial filtering of residual positions Nikolaidis, 2002; Dong et al., 2006] and constraining the solution to a regional reference frame [Szeliga et al., 2004; Melbourne et al., 2005] . These techniques facilitate better detection of transient slip events and have been widely used in geodetic studies [e.g., Lin et al., 2010; Ji and Herring, 2012; Jiang et al., 2012; Marshall et al., 2013; Blewitt et al., 2013] . Current methods, however, have certain limitations dealing with CMC. For regional stacking filtering method [e.g., Nikolaidis, 2002] , it works well only when CME is nearly spatially homogenous in a network. The common part of fluctuations in position residuals of sites nevertheless decreases with increased spatial separation [Márquez-Azúa and Demets, 2003; Williams et al., 2004] . For the Plate Boundary Observatory (PBO) network whose extent exceeds 2000 km, there are remarkable differences in CMC in various areas. The Scripps Orbit and Permanent Array Center (SOPAC) therefore divided the whole network into several subregions of 400-1000 km in size and performed stacking filtering individually (http:// sopac.ucsd.edu). However, the division of subregions is somewhat arbitrary. This strategy also requires specifying a few base stations, and problems may occur if some of them endure regional deformation themselves. As for the principal component analysis (PCA) and Karhunen-Loeve expansion (KLE) techniques [Dong et al., 2006] , the derived results often need further visual work and subtle regional transient signals may not appear in the first several principal components when there are strong local effects (which is true in most cases). In the case of using a regional reference frame, there might be distorted signals for stations located at the network edge when the network is too wide, and at the same time, the seasonal motion and vertical trend estimations are often biased.
With the fast expansion of CGPS networks, we are facing a challenge to find an optimal and objective method to extract CMC without consideration of spatial extent of the CGPS network, and it can be used to extract spatial and temporal characteristics of certain signals if necessary. Attempts have been made in this regard among some of previous studies. In order to remove CME for CGPS stations across the North American plate, Márquez-Azúa and Demets [2003] adopted the lengths of time series and baselines as weights when applying stacking filtering. They used a simplified correlation weighting scheme in which the relationship between baseline length and correlation was assumed to decrease linearly from one to zero when the baseline length increases from 500 km to 2000 km, which is a rough approximation of reality and ignores its local and regional variations. Williams et al. [2004] also found that correlation decreases as station separation increases. However, they used a weighted mean of correlation results, and the stacked correlation-baseline length curve may not reveal the trend accurately, because correlation level can deviate from the trend greatly at locations, and thus, the stacked curve could be biased.
In this paper, we attempt to characterize the spatial variations of CMC more accurately by investigating correlations between long-term residual position time series of CGPS stations. We then put forward a correlation-based spatial filtering method to extract CMC and use that to filter the data. This method is further tuned so that it can optimally extract the CMC associated with certain regional deformation signals.
Data
The CGPS station position time series used in this paper are obtained from SOPAC GPS data analysis. The cleaned residual position time series for the western North America (WNAM) network (ftp://garner.ucsd.edu/pub/timeseries/measures/ats/WesternNorthAmerica/WNAM_Clean_ResidNeuTimeSeries_comb_20150318.tar) are used as raw data input, which consist of data for 1659 CGPS sites (Figure 1 ). SOPAC has already removed the long-term linear trend, annual and semiannual sinusoid variations, coseismic and instrument jumps, and logarithmic postseismic displacements for a number of strong earthquakes. Data outliers are also cleaned from the time series. The filtered residual position time series derived using PCA [Dong et al., 2006] technique (ftp://garner.ucsd. edu/pub/timeseries/measures/ats/WesternNorthAmerica/WNAM_Filter_ResidNeuTimeSeries_comb_20150318. tar), which consist of the filtered data for 1639 stations, are used for comparison. For details of modeling and removal of these terms, the readers may refer to SOPAC website links (e.g., ftp://garner.ucsd.edu/pub/timeseries/measures/ats/ATS_TarFile_README.txt).
Position Similarity in CGPS Network Data Set

Representation of Interstation Positions Similarity
We use Lin's concordance correlation coefficient [Lin, 1989 [Lin, , 2000 to represent the similarity of residual position time series between two CGPS sites. It is calculated for each component as
where x and y are the residual time series, x and y are the means of time series (both are zero in this case), N is the number of common days in which both sites have data records, and r xy is the concordance correlation coefficient. Difference between concordance correlation and classic Pearson correlation is that this form of correlation takes into account similarities of not only the shapes but also amplitudes of two time series.
Correlation Analysis of WNAM CGPS Network
Time series correlation analysis results for all 1659 WNAM CGPS stations show that the interstation correlation is approximately inversely proportional to site separation range (radial distance). The correlation between two stable adjacent sites can be strong; e.g., correlation coefficient of the north components between BALD and KRAC stations (in Mammoth Lakes, California; about 8 km apart; and both are enduring similar large nonlinear movements) is 0.96 for the total time span.
As pointed out in section 1, many sites in this data set are affected by various kinds of local nonlinear motions, such as ETS events in the Cascadia subduction zone. The far-field interstation correlations associated with these sites are rather low since they do not share the same transients. To analyze the characteristic of large-scale CMC (the traditional CME), these factors should be excluded first. We here use a residual rootmean-square (RMS) threshold to separate the whole network into two groups: transient sites (Group I) whose time series contain obvious nonlinear motions which may result from known nontectonic factors (e.g., underground water level variations), slow slip, and/or volcanic activities; and steady stations (Group II) with small residual scatters. Among the 1639 PCA-filtered sites, the ones whose residual RMS belong to the lower 60% portion of statistics (for all three components) are classified into Group II, which amounts to a total number of 751 sites (Figure 1b ). The use of filtered time series for site grouping highlights the effect of regional transients or site-specified abnormal motions, at the same time suppressing the effect of CME. It is noted that this distinction may not work very well for regions with sparse site population, where more stations are categorized in Group I than in Group II. This, however, should not have significant effect on our analysis since this study focuses mainly on networks with dense population.
Correlations are usually high among sites affected by regional transients and low between sites located inside and outside of the region. The linear decreasing trend in correlation-baseline length relationship is therefore more prominent when just using those relatively stable stations in Group II in the analysis. One typical result is shown in Figure 2 for site BILL whose geographic location is shown in Figure 1b . (2)) and a grid search scheme (which ensures that optimal results will be obtained).
For the ith station on the kth day, the CMC ε i,k is calculated for each (east, north, or vertical) component separately as
where v j,k and σ j,k are residual and formal error of the position for the jth station on the kth day, respectively, and N i,k is the number of sites used to derive CMC. The weight w i,j is calculated as
where r i,j is the correlation coefficient between residual position time series of the ith and jth stations, d i,j is the radial distance between the ith and jth stations, τ i is a distance weighting constant to regulate weighting by distance between stations, w′ i,j is the w i,j sequence sorted in descending order according to their values, and W i is a parameter to be determined. A minimum number of stations required to derive CMC is usually set by the users, to make the result more robust. w i,j could be negative in theory, but W i would not because of optimal selections of τ i and w′ i,j in equation (3).
Our method uses the calculated interstation correlation coefficients as the weights in the filtering process. Comparing to a different approach of using fitted correlation relation (red lines in Figure 2 ), our method incorporates all possible factors that contribute to the correlation. For example, correlations will be smaller for sites that are affected by small-scale or site-specific variations; and in such cases, our method will assign smaller weights to those sites than a spatial fitting scheme would do.
To optimally select sites in calculating CMC, we use a grid search of τ and W to determine the optimal threshold values of τ and W that produce the lowest RMS for the filtered residual position time series. For a given pair of τ and W, we compute weight w i,j as defined in equation (3) for each site pair i and j, which means, the higher the correlation is and the closer the site j is to site i, the larger w i,j becomes. We then sort w i,j to produce w′ i,j and choose the first N i,k sites for CMC derivation, where N i,k is decided by the condition shown in equation (3) (the summation stops when the inequality no long holds). The blue circles are raw data derived using only those steady CGPS stations (Group II), and the red lines show their linear fits using a robust least absolute deviation technique [William et al., 1992] which is less sensitive to data outliers than the least squares method. The gray dots represent correlations between BILL and Group I stations. For the 1659 WNAM CGPS stations, the CMC time series are derived using our spatial filter (equations (2) and (3)) component by component. The searching ranges for parameters τ (in unit of angular degrees) and W are both set to vary from 1 to 50, with a step size of 5. The minimum number of stations (N i,k ) required to derive CMC is set to 3.
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The geographic variation of the total amount of the resulting CMC ( Figure 3 ) shows that there are several clusters with large CMC. The two free parameters τ and W in equation (3) (Figure 4 ) also have certain meanings. The parameter τ maps the extent of the most contributing wavelength to CMC. In many cases, the larger CMC amplitudes correspond with the occurrence of small τ values, which suggests the presence of regional transients at those locations. Also, regions with dense CGPS networks, such as the Los Angeles basin, tend to show more correlations among sites and smaller τ values.
We compare our filtered results with that produced by SOPAC using the PCA/KLE method. Our filtered positions gain a noticeable reduction in terms of residual RMS for all the three position components ( Figure 5 )-with mean improvements of 20.7%, 13.2%, and 14.4% for the north, east, and vertical components, respectively. The relative improvement also agrees well with the CMC map in Figure 3 . Stations with largest improvements are located in a wide region surrounding the Cascadia subduction zone and some areas with dense networks along the Pacific coast. Comparing our result with that of the SOPAC PCA filtering, we find that all the detectable regional CMCs (e.g., ETS) have been eliminated in our filtered results, but not in the SOPAC PCA-filtered positions. Therefore, if the purpose is to eliminate regional transients, a remarkable improvement (e.g., > 20%) can be achieved in regions experiencing known transient processes. For most other WNAM CGPS stations without apparent transient events, we still achieve more than 5% RMS reductions over PCA results (as shown in the RMS reduction histograms in Figure 5 ). The additional reduction of residual scatters (especially for the Group II sites) achieved by using our filtering algorithm indicates the existence of detectable small-scale common-mode variations which the PCA technique might be inadequate to extract.
Extraction of Regional Transients 5.2.1. Algorithm of Identifying Transient Events
We employ a phenomenological analysis of the data to separate tectonic signals from noises. Since regional tectonic crustal deformations (e.g., episodic sawtooths caused by ETS events) are usually limited in a certain geographic range (e.g., tens of kilometers), it is possible to identify the existence of such a signal and locate its spatial extent with a dense CGPS network. To do so, we need to screen out the random noise and large-scale (hundreds of kilometers) CMC (mostly due to atmospheric disturbance) from the total CMC estimates. For a residual station position time series P, in the first step we obtain CMC 0 , which represents the spatially correlated term at all spatial ranges. Therefore, if we define noise as spatially random fluctuation of the time series, it is P À CMC 0 ; i.e., we have separated that part of noise. In the second step we evaluate CMC D (the subscript D here indicates using sites beyond the arc distance of D°to derive CMC) and deduce ΔCMC = CMC 0 À CMC D . In doing so, we exclude the far-field CMC which is dominated by atmospheric disturbance effect and left with the regional CMC only. This portion of CMC is closely associated with various regional geophysical processes, which have the time scale of days to years and spatial scale of tens to hundreds of kilometers. For the interest on transient spatial wavelength, a series of stepwise distance thresholds D (e.g., let D = 0°, 0.5°, 1°, …) can be attempted; the corresponding D across which the highest RMS gradient occurs represents the approximate spatial extent of the transient signal. 
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The next task is to identify the spatial scope of (i.e., sites that are affected by) regional transients. We perform a hierarchical clustering [de Hoon et al., 2004] analysis, which had been used in several geodetic studies [e.g., Simpson et al., 2012; Savage and Simpson, 2013] , to find a group of sites that are affected by an individual transient, based upon the ΔCMC time series. The first step in hierarchical clustering is to calculate the similarity matrix for all stations for each component of the ΔCMC time series as described in previous sections. The next is to use the correlations in the similarity matrix to deduce a "correlative distance" matrix, specifying the "distance measure" between the stations to be clustered. The correlative distance c for a site pair is defined as (http://www.exelisvis.com/ docs/distance_measure.html)
where r is the concordance correlation coefficient in the similarity matrix derived using equation (1). A greater correlative distance means less similarity between two sites.
Next, we rank the sites to form a hierarchical tree in an iterative way based upon the correlative distances between stations and nodes. The two stations with closest correlative distance are first linked together to form a parent node. Subsequent nodes are created by pairwise joining of other sites or nodes based on the subsequent closest correlative distances between them. There are several methods [de Hoon et al., 2004 ] to merge nodes/sites which are deemed to be closest. We adopt the single-linkage (nearest neighbor) method; i.e., the distance between two clusters (nodes) is defined as the shortest distance among all the pairwise distances between the members of the two clusters. At the final step all stations merge into one branch, a tree structure is then created by retracing the procedure following the routes the sites/nodes were merged. The key aspect of our spatial filtering method is the interstation correlations which are derived from existing residual station position time series. The correlation coefficients used in the filtering process are calculated using the overlapping time span between each site pair. Therefore, two sites having no common epochs can still be grouped together, as long as they are both highly correlated to a third station.
Finally, cutting the hierarchical tree at a given "height" of the correlative distance will produce a series of clusters which contain groups of stations affected by various regional transients. Each cluster is composed of a set of stations which belong to a subnode below the cutting line. A sample of derived hierarchical tree is shown in Figure S1 in the supporting information. It demonstrates that if the correlative distance c = 0.3, five groups of sites are differentiated, each showing some regional characteristics. 
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Extracting Regional Transients From WNAM CGPS Network
We extract regional transient signals from the WNAM CGPS stations by employing the strategy described in the previous section. We use the distance bound of D = 3.5°to derive ΔCMC time series, because 3.5°is a reasonable distance range that is larger than the spatial scope of most regional CMCs and is still within the WNAM CGPS network extent. The value nevertheless could vary for other networks. For each one of the 1659 sites, the CMC D (D = 0, 3.5) time series are derived using the method described in section 5.1. We then calculate the difference of the two CMC time series as ΔCMC = CMC 0-3.5 = CMC 0 À CMC 3.5 which serves as the basis for detecting regional transient signals later.
The procedure of detecting transients can be examined by the variations of time series spectra. The spectrum of the raw time series includes various ingredients, such as regional tectonic deformation, local or regional hydrological disturbance, regional-or large-scale atmospheric disturbance, local site disturbance, and other noise due to errors in GPS measurements and data processing (e.g., orbital error, reference frame error, and multipath effect). These ingredients have somewhat different spatial and temporal patterns and therefore can be differentiated through filtering. The differential CMC time series (ΔCMC) is supposed to contain only regional transient signals. Figure 6 presents the filtering effect on power spectrum for the east component of station ALBH whose motions are affected by Cascadia ETS events. The raw time series spectrum (Figure 6a) shows colored noise plus white noise, consistent with previous findings [e.g., Zhang et al., 1997; Williams et al., 2004] . The first filtering results are shown in Figures 6b and 6c , which are the spectra of CMC 0 and the filtered residual time series after subtraction of CMC 0 contributions (i.e., FLT 0 ), respectively. Comparing to the raw time series, CMC 0 spectrum is more colored and FLT 0 is more white, reflecting somewhat different deformation patterns of the ingredients. The most prominent tectonic deformation signal is the ETS showing as the low-frequency peak at~2.7 × 10 À8 in Figures 6a and 6b . This signal, however, is much reduced in FLT 0 .
Other geophysical signals such as hydrological disturbances are regional phenomena with relatively lower frequency and are mostly reflected in CMC 0 but not in FLT 0 . The GPS data measurement and processing errors are partially reflected in the higher-frequency components in CMC 0 . Some of the low-frequency components in FLT 0 may reflect individual site disturbances. The CMC 3.5 (Figure 6d ) is obtained using only data from far-field sites. It is similar to CMC 0 except that the lower frequency signals are much reduced. This is because transient tectonic deformation such as due to the ETS events is mostly regional and not reflected in the far-field correlations. It therefore mostly reflects the large-scale coherent noise due to atmospheric disturbance and errors related to GPS measurement and data processing such as reference frame and orbital errors. The filtered time series by subtracting CMC 3.5 from the raw (i.e., FLT 3.5 ; Figure 6e ) keeps the rest of the ingredients except the large-scale coherent noise shown in CMC 3.5 . Figure 6f shows the spectrum of ΔCMC, which is the differential coherent signal between all scale coherency and large-scale coherency, left with the regional coherent signal only, clearly seen in the spectrum of lower frequency. The higherfrequency components are much reduced comparing to that in CMC 0 , suggesting that high-frequency noise related to large-scale atmospheric disturbance and orbital and reference frame errors are removed. Such assessments are supported in Figure S2 in the supporting information, which shows that the ΔCMC of site ALBH can be differentiated into higher and lower frequency components; the low-frequency part is dominated by ETS events (Figure S2a) , and the higher-frequency part is dominated by other regional geophysical processes and noise ( Figure S2b ), whose spatial correlations decrease sharply with site separation distance ( Figure S2c ). For each position component, a correlation matrix is derived for all the sites using the ΔCMC time series as the input, followed by a hierarchical clustering analysis. We use a cutting correlative distance of 0.3 to form the site clusters. The minimum number of members in each cluster is set to 2, in order to capture all the small-scale transients. These clusters are then sorted according to the number of member sites in each cluster. For the east component, we finally obtained 45 clusters. We first present the results for seven clusters which have at least nine member sites as shown in Figure 8 . Our transient detector also identified a few small-scale coherent signals (limited to two to eight sites in the above clustering), and the results are presented in Figure 9 and Table A1 in Appendix A. Some of those are originated from the same sources as the transients shown in Figure 8 . For example, the thirteenth, 29th, and 32nd clusters are partially similar to the fourth cluster; and the tenth, eleventh, fourteenth, and 26th clusters show very weak residual postseismic deformations due to the 4 April 2010 M w 7.2 El Mayor-Cucapah earthquake.
In addition to those well-known transients, our approach also obtains more cases of certain interesting signals. For example, 1. CGPS stations in two places of California (the 37th cluster for Mono Lake; the 39th cluster for Searles Lake) show prominent skewed position scatters (i.e., larger scatters in only certain particular orientation), which 
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are similar to the case occurred at a few stations in Mammoth Lake, California, where the atmosphere and local topography are found to be responsible for such a phenomenon [Materna and Herring, 2013] . 
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of Lake Cachuma (site BBDM). Those locations may be sensitive to the change of the surface/underground water. 3. There are several cases of large position scatters for stations in local areas, e.g., near the Augustine volcano (the sixteenth cluster) and the Pogromni volcano (the 24th cluster) in Alaska, which might be related to volcanic activities.
More assessments of the origins of the clusters are presented in Table A1 in Appendix A.
6. Discussions
CMC and Seasonal Variation of Station Positions
It is well known that there are seasonal (mostly annual and semiannual) variations in CGPS station position time series, especially in the vertical direction. The seasonal terms are usually modeled as sinusoids irrespective of their physical origins when estimating the linear rate of station movement. The seasonal motion is also one kind of CMC, because most of them are of geophysical origins, e.g., the surface and subsurface mass redistributions. However, we prefer to remove them before doing the spatial filtering of CMC because for a regional network, the CMCs are usually spatially homogeneous, but the annual terms may not be; estimation of the CMCs could be compromised by the annual terms if the annual terms are not eliminated first. Figure S4 in the supporting information shows the annual terms for the north, east, and vertical components, respectively. There are large differences for annuals in several adjacent regions; i.e., the annual motions of CGPS stations are not spatially homogeneous. This is the consequence of the fact that geophysical loading can vary greatly over relatively short distance. For example, the phases of the east and vertical annual terms almost flip for a few stations on the two sides of Sierra Nevada Mountains [Amos et al., 2014] . On the basis of the above consideration we find that better filtering results will be obtained if the annual terms are estimated and removed prior to the application of the CMC filtering.
Comparison Between CWSF and PCA Methods
Although both our CWSF and the PCA methods work for filtering of residual CGPS station position time series, their approaches are fundamentally different. The PCA method performs principal component analysis of the daily position residuals and carries out the filtering by removing the top ranking components which show the most common spatial correlations. The CWSF method, on the other hand, relies on correlations of individual station pairs acquired in the past time series, with no requirement of current correlation information of the sites. Using the PCA method, one could, in principle, keep improving the filtering with less RMS of the postfiltering residuals as long as more principal components are being filtered out, at the price of adding more degree of freedom into the filter. The CWSF method, however, does not really have free parameters to play with as long as it is tuned using past residual time series data.
Searching for Origin of CMC: Effect of Station Elevation
Some parts of regional common movements in CGPS positions are suggested to be caused by imperfect error modeling during GPS data processing; e.g., the tropospheric delay modeling is affected by both meteorological condition and elevation of the observation made. Because our target study region covers very diverse topography where data processing errors are expected to vary, possibly associated with elevation, we examine whether the elevation difference of CGPS stations could play a role in shaping the common-mode signals observed by CGPS sites. We use a stacked correlation map to investigate the relationship: we first calculate correlations among all the possible station pairs and categorize the results into a grid based on station horizontal (X axis) and vertical (Y axis) separation distances for specific cell size, e.g., 50 km (baseline length) × 50 m (elevation difference). The correlations falling into each pixel is then averaged. In order to exclude the effect of site-specific and regional transients, we use the interstation correlation results derived using Group II sites which are usually free from major anomalies as discussed in section 3. The resulting correlation plots of horizontal separation versus elevation difference do show a statistical trend of decrease with the increase of station elevation difference within relatively short baseline range (e.g., <200 km). The effect is no longer significant for baseline range greater than 400 km. The case for the north component is shown in Figure 10 , and the east and vertical components show similar variations ( Figures S5 and S6 in the supporting information). Such a correlation variation confirms that topography is an affecting factor that could result in scatter similarity (i.e., nontectonic common-mode noises) of CGPS positions.
Journal of Geophysical Research: Solid Earth
10.1002/2015JB012253
Characteristics of the Correlation-Based Clustering Technique
When presenting the clustering results in section 5.2.2, we use a correlative distance threshold c = 0.3 to cut the hierarchical clustering tree to form groups that are affected by certain transients. However, this parameter can be adjusted to extract clusters correlated at different levels. For example, a smaller correlative distance threshold will yield clusters at a higher correlation level. The case for c = 0.2 is presented in Figure 11 , showing that only sites with strong correlations are grouped together. The three (first, third, and seventh) clusters in Figure 11 represent the ETS sequence in Cascadia with slight regional differences, which are combined and expanded to become the second cluster in Figure 8 . The same situations occur for the other clusters in Figure 11 . For example, the second, fourth, and ninth clusters in Figure 11 correspond to the expanded fourth, sixth, and seventh clusters in Figure 8 , respectively.
Alternatively, a more comprehensive way to explore the regional transient is to examine the hierarchical clustering tree itself from which we can learn exactly how sites are linked together. The analysis and identification of transient signals can be accomplished in an effective way with the help of graphical user interface which includes the clustering tree, time series, and site map.
(b) (a) 
Conclusions
We develop a correlation-weighted spatial filtering algorithm, to extract coherent signals from a dense CGPS network. The new filter is similar to regional stacking technique developed in previous studies [e.g., Nikolaidis, 2002; Márquez-Azúa and Demets, 2003 ] but different in several important aspects, enabling us to achieve better filtering results and detect more subtle tectonic deformation signals. We have successfully applied our method to the WNAM CGPS station position time series produced by SOPAC and obtained the following results:
1. CME (the large-scale CMC) is found not spatially homogenous. With the increase of site separation, the similarity between CME decreases nearly linearly. The slopes of the distance-correlation relations, however, may vary in different geographic areas. Therefore, when calculating CMC, the weighting scheme using the interstation correlation derived from past residual position time series makes the new filter adapt better the spatial characteristics of CMCs than the traditional stacking methods which assume a homogenous CME or a simple piecewise linear distance-correlation variation, and our method is thus more reasonable and effective. 2. The selection of sites used to derive CMC is not predetermined, but based on evaluation of a weighting scheme including correlation and distance. The optimal selection of sites and their weights is carried out objectively through a grid search which derives the CMC that minimizes the RMS of the filtered residual position time series, excluding any human intervention. 
, ETS)
. A detailed analysis on origin of each transient signal is beyond the scope of this paper. 4. A portion of CMC is proved to be correlated with the elevation of GPS station location. The most likely mechanism is the imperfection of error modeling during GPS data processing. The elevation-dependent residuals may contain contributions from tropospheric delays and/or the mass loading effects.
We so far only tested the new CMC filter for the WNAM CGPS network, but it can be used for other networks to detect and/or remove the CMC signals that are common to more than one sites. The extraction of CMC will benefit the study of its physical origins by analyzing the spatial-temporal characteristics.
Appendix A: Regional Transient Clusters for WNAM East Component
We here present 
